Abstract Recently, the long-term conflict avoidance approaches based on large-scale flights scheduling have attracted much attention due to their ability to provide solutions from a global point of view. However, current approaches which focus only on a single objective with the aim of minimizing the total delay and the number of conflicts, cannot provide controllers with variety of optional solutions, representing different tradeoffs. Furthermore, the flight track error is often overlooked in the current research. Therefore, in order to make the model more realistic, in this paper, we formulate the long-term conflict avoidance problem as a multi-objective optimization problem, which minimizes the total delay and reduces the number of conflicts simultaneously. As a complex air route network needs to accommodate thousands of flights, the problem is a large-scale combinatorial optimization problem with tightly coupled variables, which make the problem difficult to deal with. Hence, in order to further improve the search capability of the solution algorithm, a cooperative co-evolution (CC) algorithm is also introduced to divide the complex problem into several low dimensional sub-problems which are easier to solve. Moreover, a dynamic grouping strategy based on the conflict detection is proposed to improve the optimization efficiency and to avoid premature convergence. The well-known multi-objective evolutionary algorithm based on decomposition (MOEA/D) is then employed to tackle each sub-problem. Computational results using real traffic data from the Chinese air route network demonstrate that the proposed approach obtained better non-dominated solutions in a more effective manner than the existing approaches, including the multi-objective genetic algorithm (MOGA), NSGAII, and MOEA/D. The results also show that our approach provided satisfactory solutions for controllers from a practical point of view.
Introduction
In recent years, the sharp increase in air traffic flow has reached the limits of airspace capacity which caused the air traffic congestion to become a more serious issue [1, 2] . As a result, the key airports and trunk routes of many countries and areas are facing a highly complicated traffic situation. In the local high-density operation, the safe separation among aircraft is often difficult to keep, which leads to adopted [3] . It utilizes a specially designed local search operator and an adaptive local search frequency strategy to improve search capability of the algorithm. However, these previous works neglected the track error of flights, which makes them impractical. Furthermore, they considered the minimization of the aggregated flight delay and conflicts as a single objective [17] . While, in the real operation, controllers often try to seek a good trade-off between the flight delay and the number of conflicts.
In light of the above issues, in this paper, the conflict situation in the waypoint network is evaluated with consideration of track error of flights to make the model more practical and realistic. In order to incorporate more objectives, we formulate the long-term conflict avoidance problem as a multi-objective optimization problem, which can minimize the total delay and reduce the number of conflicts simultaneously. To further improve the search capability of the algorithm, a cooperative co-evolution algorithm is introduced to divide the complex problem into several low dimensional sub-problems [23] . Furthermore, a dynamic grouping strategy based on the conflict between flights is designed to improve search efficiency and to avoid premature convergence. The well-known multi-objective evolutionary algorithm based on decomposition (MOEA/D) is then employed to tackle each sub-problem separately [24] . Computational results using real traffic data from the Chinese air route network demonstrate that the proposed approach achieved better non-dominated solutions in a more efficiently manner than the existing approaches, such as the multi-objective genetic algorithm (MOGA) [25] , NSGAII [26] , or MOEA/D. The results also show that our approach can provide satisfactory solutions for controllers in a more practical sense.
The rest of this paper is organized as follows. Firstly, the problem is formulated in Section 2. Section 3 presents the details of our solution approach. The results of computational experiments are presented and analyzed in Section 4. Finally, some conclusions and future research directions are drawn in Section 5.
Problem formulation
The problem described in this paper can be formulated as follows. Let W denotes the set of waypoints in the considered airspace, then the waypoint sequence of the trajectory of flight i is W j i j=0,...,nwi,
where j is the index of the waypoint in the sequence, nw i is the number of waypoints in the path of flight i. There are n flights (F 1 , F 2 . . . F n ) in total with specific flight plans. The velocity of flight i in each segment is V j i j=0,...,nwi,
Without consideration of the track error, the estimated arrival time at each waypoint of fight i can be obtained by [27] 
where T 0 i = 0 and W 0 i is the first waypoint of the path of flight i. The flight distance s of flight i at time t is
The current position p of flight i at time t is
where s i (T 0 i ) = 0 , and
Under the operation of the sector-based air traffic management, the track error of flights in general obeys a Gaussian distribution where the mean is zero, and the horizontal standard deviation δ 2 s is defined by
and the lateral standard deviation is described by 
whereδ 2 c is the maximum of the lateral standard deviation. We can see that the horizontal standard deviation and the lateral standard deviation will increase as the time grows, and generally δ s (t) is larger than δ c (t). In addition, the vertical standard deviation is a constant.
However, under the operation of 4D trajectory, the accuracy of the flight path could be greatly improved. Moreover, with the help of the flight management system, flights can arrive at each waypoint with higher precision. Therefore, in this paper, both the horizontal standard deviation and the lateral standard deviation are considered to be constant and are defined by δ s and δ c , respectively. In addition, the estimated arrival time at each waypoint is assumed to obey a Gaussian distribution with zero mean and δ tw as the standard deviation.
Suppose that the angle between the current velocity of flight i and x axis is θ j in the plane coordinate system, and in the body coordinate system it can be denoted by
Hence, the predicted position of flight i at time t can be obtained by
where D is a covariance matrix, and
Then, X i (t) can be defined by
Considering the flight set F in a time window, the distance function between any two flights i and j is denoted by
It is assumed that the positions of flights are not relevant, so dist ij (t) obeys a Gaussian distribution as follows:
Then, the conflict probability P C ij (t) of two flights i and j at time t can be computed by
where p dt ij (y) is the probability density function of dist ij (t). The conflict situation (CS) of all flights in the considered airspace can be defined by
where MPC ij is the maximum conflict probability of two flights, and it can be described by
Hence, the first objective is formulated to minimize the total maximum conflict probability, and it can be defined by min f 1 = CS.
In this work, the ground delay method is used to avoid conflict at waypoints, which is an effective way by delaying flights while they are still on the ground before departure. However, in order to reduce the cost for airlines, the sum of flight delays is formulated as the second objective which is defined by
where δ i presents the departure delay of flight i, and δ i ∈ [0 δ max /ts], where δ max is the maximum allowable delay. It means that the delay of any flight is limited by a maximum value in order to prevent some flights being postponed for too long. ts is the time step for time sampling. It can be demonstrated that the LCA problem is a large-scale combination optimization problem with two objectives. Furthermore, the variables and constraints are tightly coupled because of conflict avoidance.
Optimization framework
In order to solve the abovementioned optimization problem in an efficient manner and to avoid premature convergence, an efficient multi-objective optimization framework is proposed in this section. Firstly, CC algorithm is introduced to divide the complex problem into several low dimensional sub-problems. Towards this aim, a dynamic grouping strategy based on the conflict between flights is designed as a heuristic strategy. Then, the well-known multi-objective evolutionary algorithm based on decomposition (MOEA/D) is employed to solve each sub-problem. The framework is described in Algorithm 1.
Algorithm 1 The framework of the proposed method
Initialize the population g = 0. //Main loop:
Evaluate all individuals in the population. Compute the non-dominated solutions. //cooperative co-evolution. Divide the decision variables into groups based on the dynamic grouping strategy. Decision variables in each group generate its subpopulation. for each subpopulation do Use the MOEA/D framework with a genetic algorithm. Evaluate all individuals in the subpopulation, and compute the non-dominated solutions. end for Obtain the non-dominated solutions. g = g + 1. end while
In the following subsections, some important mechanisms, such as the dynamic grouping strategy, subcomponent optimization, adaptive crossover, and mutation operators are elaborated in more details.
The dynamic grouping strategy
The cooperative co-evolution algorithm has two critical steps. In this section, we mainly describe the dynamic grouping strategy which is used to divide flights into groups based on conflicts.
In order to describe if two flights conflict with each other, a matrix C [28] is adopted in this work as defined below: where
First, if there is no conflict among any two flights, the random grouping strategy will be employed, which randomly divides the flights into ns groups with the same size.
Secondly, if there are at least two flights which conflict with each other, i.e.,
then, the flights are divided into sn groups based on the dynamic grouping strategy which can be defined by
where F k (j) denotes the j th flight in group k and m k indicates the number of flights in group k .
The flights in each group satisfy
and flights from different groups satisfy
Subcomponent optimization
In this work, the fast genetic algorithm (GA) is proposed as the global search method [28] . Another critical point is the optimization of each group. In this paper, a fast GA is incorporated into the MOEA/D framework.
The sub-population of each group includes ps individuals indicating the possible solutions of flights in this group. Hence the sub-population is a matrix defined by
where f k (i) (1 i ps) is a vector which can be defined by
where δ k (ij) denotes the delay time slot of flight F k (j) of chromosome j in group k .
The general framework of MOEA/D [24] is shown in Algorithm 2.
The adaptive crossover and mutation operators are specially designed for the LCA problem based on the fitness of each gene in the individual. The fitness takes the ground delay and conflict probability of flights into account. The fitness of each flight in group k is defined by
where cs kj is the total conflict probability of flight j with other flights. The mechanism of the adaptive crossover is shown in Figure 1 . In this example, A and B are parents in sub-population k. If fit A1 k > fit B1 k , the two children will inherit from A 1 accordingly, and if fit B1 k > fit A1 k , they inherit from B 1 . Otherwise, the genes of children are obtained in a way as follows:
where α is the parameter of the linear combination. For adaptive mutation operator, as can be seen from Figure 2 , if gf j k < ε, the gene j mutates with a probability of p k . Procedure:
Step 1 Initialization:
Step
Step 1.2 Generate an initial population x 1 , . . . , x np . Calculate the fitness values of the population.
Step 1.3 Initialize z = (z 1 , . . . , zm), where z j = min 1 i n f j (x i ). Step 2 Update:
Step 2.1 Selection of the mating pool: Generate a random number which is uniformly distributed in [0, 1]. Set
{1, . . . , np}, otherwise.
Step 2.2 Reproduction: Set r 1 = i, and randomly select two indexes k, l from P , and then generate a new solution y using mutation and crossover operators of GA.
Step 2.3 Update of the reference point:For each j = 1, . . . , m, if z j > f j (y), then set z j = f j (y).
Step 2. 4 Experimental studies
Database and experimental setup
The national route network of China consists of 1706 air route segments, 940 waypoints and 150 airports as shown in Figure 2 . The air traffic data was obtained from Civil Aviation Administration of China (CAAC) for a whole day of 7 October, 2009. It is worth mentioning that the takeoff and landing phases of flights are truncated within a given radius (usually 10 n mile) around airports. The traffic around airports is managed following specific procedures imposed by the terminal control area (TCA) control services in these zones. The minimum safe time interval is equal to τ = 60 s. δ max is set to be 90 min, the value interval of δ is 0.25 min, and ε = 0.3. 7:00-9:00 7:00-11:00 7:00-13:00 7:00-15:00 7:00-17:00
The number of flights Conflict situation In order to compare with the proposed MOCC, MOEA/D, MOGA [29] , NSGA2 [30] are selected, and all these algorithms were implemented in C++ in this work. Computational experiments were carried out on a computer with an E5620 2.4 GHz CPU with 12 GB RAM. For each algorithm, the results were collected and analyzed based on 15 independent runs.
The parameters used in all experiments are listed in Table 1 , and they are often adopted in other algorithms [18] .
The depiction of conflict situation
Next, the relationship between the number of flights and the conflict situation in the considered airspace is depicted in Figure 3 . We can see that there are about 1000 flights during every two hours in Figure 3(a) . The number of flights from 7 a.m. to 9 a.m. is the largest. The total maximum conflict probability of all flights in each time period is about 300. In addition, in Figure 3(b) , it can be seen that as the number of flights grows, the total maximum conflict probability increases quickly.
Comparison with the existing methods
In order to compare the performance of the above mentioned algorithms, two scenarios including 960 flights (represent the busiest one hour) and 1664 flights (represent the busiest three hours) are considered. In addition, three typical metrics are adopted to evaluate the performance of the solutions obtained by each of the algorithms. The convergence metric (γ) [26] , the spread metric (∆) [31] , and the hypervolume metric I H is used [32, 33] . Tables 2 and 3 summarize the average values of I H , I D and ∆ over 15 independent runs. The best results are highlighted in boldface in each row of the table. We can see from both tables that the proposed algorithm outperforms the other three algorithms in all metrics. Moreover, when the number of flights increases, it performs even better. Therefore, it is concluded that MOCC has superiority in solving large-scale problems such as the one in this paper.
Additionally, the non-dominated solutions with the least DTC and with the least CS obtained by the all algorithms over 15 runs are listed in Tables 4 and 5 under the two scenarios separately. It can be observed that both of the non-dominated solutions with the least DTC and the least CS obtained by MOCC are not dominated by the corresponding solutions of the other three algorithms when the number of flights is 960. In indeed, in most comparisons under this scenario, MOCC provides better solutions in both objectives. The same conclusion applies to the scenario when the number of flights is 1664. Figure 4 shows the non-dominated solutions obtained by respective algorithms. Specifically, the nondominated solutions of each algorithm were obtained over 15 runs. From Figure 4 , it can be concluded that MOCC performs the best because its solutions dominate those obtained by other algorithms. Among all algorithms, MOGA has the worst performance in terms of convergence. MOEA/D performs better than NSGA2 in terms of convergence and diversity.
From the experimental results, we conclude that MOCC performs better than the other three methods for both scenarios. MOCC adopts an effective multi-objective optimization framework based on the CC (i.e. dynamic grouping) and MOEA/D, greatly improving its the search capability. The CC divides the complex problem into several low-dimension sub-problems, which makes the problem easier to solve. The sub-problems work cooperatively to obtain better solutions. Furthermore, the CC takes full advantage of the characteristics of the long-term conflict avoidance problem and is based on the conflict among flights, leading to improved search efficiency. The improved search performance is also due to the employment of the well known multi-objective evolutionary algorithm based on decomposition (MOEA/D) to solve each sub-problem.
Comparison between dynamic grouping strategy and other popular strategies
The experiment in this section is designed to further investigate the contribution of the proposed dynamic grouping strategy. The grouping strategy is a key issue in the CC-based framework. There are several popular grouping strategies, e.g. one-dimensional grouping strategy, splitting-in-half grouping strategy, and random grouping strategy [19] . In the following, two of these grouping strategies are compared with the proposed one. All grouping strategies are implemented within the same CC-based framework and share exactly the same settings. The two grouping strategies for comparison are briefly described as follows: • Splitting-in-half based strategy (SIH): Each sub-group contains half of the total aircraft.
• Random grouping strategy (RG): All the aircraft are randomly divided into several sub-groups. Tables 6 and 7 show the average value of I H , I D and ∆ over 15 independent runs of the algorithms for respective scenarios. The best value is highlighted in boldface in each row of the table. It can be concluded from both tables that the proposed algorithm outperforms the other three algorithms in terms of I H , I D and ∆. Hence, the dynamic grouping strategy has superiority in solving large-scale problems such as the one in this paper.
The non-dominated solutions with the least delay time cost (DTC) and the least CS obtained by all algorithms over 15 runs are listed in Tables 8 and 9 . We can see that under both scenarios, the dynamic grouping strategy performs the best in both objectives. The splitting-in-half grouping strategy cannot cope with this large-scale problem with more than half flights in each group still vulnerable to potential conflicts. Although the random grouping strategy can reduce such potential conflicts in the case of the two interacting flights in the same group, its performance will drop dramatically when there are more than two interacting flights. In general, the splitting-in-half and random grouping strategies represent a blind search mechanism and are more easily to be trapped in a local optimum. On the contrary, the proposed dynamic grouping strategy exploits the pattern reflected in potential conflicts among flights leading to an improved global search capability.
Application to real operations
In this section, we further investigate the applicability of the proposed approach in real operations, i.e. its ability to provide feasible solutions for the air traffic controllers to keep safe separation of flights.
It is worth mentioning that the proposed method in this paper is a pre-tactical approach which can be used to solve conflicts that happen in a time scale from several hours to a few days in advance. Therefore, we do not consider disturbances. More specifically, the computational time needed to get feasible solutions of MOCC is about 5 min and 17 min for scenario with 960 and 1664 flights, respectively. This is sufficient for a real pre-tactical application. About 30 non-dominated solutions in scenario 1 and 20 non-dominated solutions in scenario 2 are obtained. Practically, controllers may only need a few feasible solutions. Therefore, the computation time can be much shorter The computation time can be further reduced using more advanced parallel computation technology.
We also noticed that even for the scenario with 1664 flights, the average number of conflicts using MOCC is almost 0 and the average delay can be controlled within 15 min. Furthermore, as can be seen from Figure 4 , when the average delay is within 10 min, the maximum number of flights will be under 20 which can be comfortably handled by air traffic controllers.
In conclusion, the proposed MOCC can largely improve the optimization capability and avoid local optima. It represents the best search and grouping strategy among all solution approaches dealing with the long-term conflict avoidance problem. Although the current version of MOCC cannot be applied to a real time application, it is sufficient for a pre-tactical management application.
Conclusion and future work
In this paper, a novel long-term conflict avoidance approach supporting the 4DT operation is proposed to provide better strategic flight flow management solutions. Taking the flights track error into consideration, the LCA problem is firstly formulated as a multi-objective problem minimizing the total delay and the number of conflicts simultaneously. Considering that the LCA problem is a large-scale combinatorial optimization problem with tightly coupled variables, in this work, CC algorithm is introduced to divide the complex problem into several low-dimensional sub-problems to further improve the searching capability. A dynamic grouping strategy based on the conflict between flights is proposed to improve the optimization efficiency and avoid premature convergence. To fully utilize the proposed grouping strategy, the wellknown MOEA/D is employed in search of better solutions for each sub-problems. The proposed approach has been validated using real traffic data from Chinese air route network, and the results demonstrate that the proposed approach obtained better non-dominated solutions than the existing approaches including the MOGA, NSGA2, and MOEA/D. The results also show that our approach can provide satisfactory solutions for controllers under real operational scenarios.
